Abstract: Currently, the delicate process of selecting sperm cells to be used for in vitro fertilization is still based on the subjective, qualitative analysis of experienced clinicians using non-quantitative optical microscopy techniques. In this work, a method was developed for the automated analysis of sperm cells based on the quantitative phase maps acquired through use of interferometric phase microscopy (IPM). Over 1400 human sperm cells from 8 donors were imaged using IPM, and an algorithm was designed to digitally isolate sperm cell heads from the quantitative phase maps while taking into consideration both the cell 3D morphology and contents, as well as acquire features describing sperm head morphology. A subset of these
Introduction
The process of in vitro fertilization (IVF) is a great achievement of modern medicine and the reproductive sciences, and since 1978, when IVF was first performed, impressive advances have been made in fertilization, cultivation, and implantation methods [1] . However, relatively little progress has been made in improving the imaging techniques used to assess human sperm for IVF. Since exogenous stains cannot be used on sperm for IVF, as these may damage sperm viability, IVF clinicians examine and select sperm using imaging methods such as differential interference contrast microscopy or Zernike phase contrast [2, 3] . These methods have been used for decades in order to enable clinicians to better see the small details of sperm cells, details which are impossible to distinguish under bright-field microscopy due to the transparent nature of these cells. While these imaging methods improve contrast, they only provide 2D information with regards to sperm morphology, and possess distinctive imaging aberrations that may occlude important morphological details [4] . Another significant factor is the subjective nature of the selection process; clinicians typically examine many quickly-moving sperm and must base their selection on visual inspection and personal opinion from prior experience [3] . This leads to a lack of consistency in selections performed by different clinicians, as well as a large margin of human error.
Interferometric phase microscopy (IPM) can be applied to provide a solution to both of the problems stated above. IPM is a stain-free optical imaging technique whereby an image interferogram or digital hologram is acquired by superimposing on a digital camera the light that passes through a sample with a reference beam that does not. This interferogram can then be translated into a quantitative phase map through digital processing. The resulting phase map Accepted to Cytometry Part A (2017) Wiley ©2017 4 image provides the actual optical thickness, or optical path delay (OPD), at each spatial point (x,y) in the resulting image [5] , as defined in Equation 1.
where T is the actual physical thickness of the sample in meters, n s is the average refractive index of the sample across the sample thickness, and n m is the refractive index of the surrounding medium, resulting in OPD being measured in meters. Note that because the refractive index of a sperm cell is not homogenous, one cannot extract the refractive index directly from the OPD measurement. The phase map images provided by IPM have been shown to provide meaningful, stain-free contrast that correlates to that of stained sperm cells, and have previously been shown to enable the effective identification of sperm cell morphological features [6] [7] [8] . Furthermore, new parameters such as the refractive index map and dry mass of the cells can now be derived [9] .
The quantitative phase maps produced by IPM have been shown in the past to be a source of quantitative data for the application of machine learning techniques [10] [11] [12] [13] . In this paper, we developed an automatic method for sperm analysis and characterization which is based on a machine learning classification algorithm. Features relating to sperm morphology can be extracted directly from the quantitative phase maps provided by IPM, and then be used to train a machine learning algorithm, enabling the computer to determine sperm morphology in a quantitative and consistent manner in order to classify good and bad cells. We believe that this approach can be the basis for automatic and objective computer-based sperm analysis at the individual cell level, with a strong potential for enhancing IVF procedures.
Methods

Sample Preparation
Human semen samples were obtained from 8 healthy donors, after undergoing one week of abstention, and were handled according to World Health Organization (WHO) guidelines for sperm cell analysis [3] . Samples were imaged a short time after ejaculation. After collection, the sample was allowed to liquefy for 30 minutes. Following this, Dulbecco's phosphate-buffered saline (PBS) was added to the sample at a ratio of 1:1 and this diluted sample was centrifuged at 500 g for 5 minutes at room temperature. The supernatant was discarded and 0.5 ml of modified human tubal fluid (HTF) medium, a medium often used in IVF and possessing a refractive index of 1.33, were added. The sample was incubated at 37 °C for 30 minutes in order to permit the living sperm cells to migrate to the supernatant, a process utilized in IVF known as swim-up [3] .
Finally, 5 ml of modified HTF medium were added to dilute the sample. 10 μl of sample solution were placed on a 24 mm × 60 mm cover glass and covered by a 24 mm × 24 mm cover glass, enabling the imaging of the immobilized sample without refractive effects. In order to immobilize the sperm cells, the covered sample was heated to 60 °C for 5 minutes. This immobilization process has been shown to have no appreciable effect on the membranes of somatic cells [14] , and thus does not alter sperm morphology, and is less invasive to the cells than other common sperm immobilization processes, such as sperm cell tail breaking.
IPM System and Phase Map Acquisition
In the optical system chosen for this experiment (Fig. 1 
Clinician Assessment as a Gold Standard
In order to obtain ground-truth labels upon which to base the training of the machine learning algorithm, an experienced embryologist (M.L.) was supplied with the unaltered phase map images of the sperm. Figure 2 provides examples of these phase map images, as well as details on sperm characteristics and shape. In the interest of decreasing the number of non-cell images presented to the clinician, the images presented to the clinician were exclusively of those objects representing sperm cells (objects that remained after step 6 of the algorithm detailed below). The OPD maps, which are proportional to the quantitative phase maps, were displayed using a color map that approximates the colors seen by clinicians when examining sperm cells stained with Hemacolor using the proprietary Sperm Class Analyzer software. We have previously shown by statistical analysis that this method of presentation results in clinician assessments that correlate well to those achieved by clinicians examining stained cells according to the WHO sperm analysis criteria [6] . Finally, the embryologist analyzed each image and classified them into good or bad cells by providing a "pass" or "fail" result for each of the following five WHO sperm analysis criteria, respectively:
1. Head shape: The head should be smooth, regularly contoured and generally oval in shape [17] . The accepted normal ratio of head width to length is roughly 3:5.
2. Acrosome size: There should be a well-defined acrosomal region comprising 40-70% of the head area [17] .
Vacuoles:
The acrosomal region should contain no large vacuoles, and not more than two small vacuoles, which should not occupy more than 20% of the sperm head. The postacrosomal region should not contain any vacuoles [3] . 4 . Midpiece: The midpiece should be slender, regular, and about the same length as the sperm head. The major axis of the midpiece should be aligned with the major axis of the sperm head [17] .
Residual cytoplasm:
Residual cytoplasm is considered an anomaly only when in excess,
i.e. when it exceeds one third of the sperm head size [17] .
In the dataset, only those cells that passed in all 4 criteria, after excluding the assessment of the midpiece, were labeled as possessing good morphology. The assessment of the midpiece was excluded as the goal of this research was to assess the morphology of the sperm head only. Note that this acessment is clearly based on the 2D morphology of the cell, and thus is the currently available gold standard.
Image Isolation and Feature Extraction
A Matlab program was written in order to isolate cells from the background of the OPD map image, isolate sperm heads from tails, determine head orientation, and extract various customdesigned features describing sperm head morphology. The algorithm was designed to assess only those sperm cells whose heads were resting flat against the slide and to reject those cells that were resting on their sides, as well as those that possessed characteristic values well outside the range of typical sperm cells. In the algorithm below, we designate these rejected cells and objects as irrelevant objects. The steps of the algorithm are as follows, with a visual outline provided in Figure 3 and a simplified outline provided in Table 1: 1. Sperm isolated from image background: Object regions of interest isolated from background of the larger acquired image using an OPD threshold of 25 nm to produce a binary mask [ Fig. 3(d) ].
2. Sperm tails removed: Tails removed from the mask using morphological opening. A disc filter of radius 18 pixels (corresponding to 1.22 μm) was used [ Fig. 3(e) ].
3. Irrelevant objects rejected based on area: Objects only retained if area was between 1000 -6000 pixels (corresponding to 4.62 -27.7 μm 2 ). This range is based on the sperm head areas of the cells acquired from all 8 donors analyzed in this research.
4. Irrelevant objects rejected based on mean OPD: Objects possessing mean OPD above 150 nm were removed.
Irrelevant objects rejected based on eccentricity:
Objects only retained if eccentricity was between 0.5 -0.9. In order to calculate eccentricity, the ellipse that had the same second-moments of area as the object was determined. Eccentricity was then defined as the ratio of the distance between the foci of the ellipse and its major axis length.
6. Irrelevant objects rejected based on perimeter: The major and minor axes of the object were used to calculate the perimeter of an ellipse with the same axes lengths, using the 3rd Ramanujan approximation [18] . Objects only retained if perimeter was between 98% -102% of the ellipse perimeter.
7. Sperm head isolation enhanced using active contour segmentation: Region-based active contour segmentation [19] was applied to an OPD image comprised of the object and an additional 20 pixels on all sides [ Fig. 3(f) ]. This process restored acrosome pixels that were removed during thresholding and morphological opening.
Midpiece connection point determined:
The location at which the midpiece connected to the head was located by subtracting the binary mask of the object from step 2 (without midpiece) from the mask of the object from step 1 (which includes the midpiece). This results in a binary mask which contains only the midpiece. The resulting midpiece mask is then repeatedly dilated using a disc filter of radius 1 pixel, until the midpiece mask overlaps with the mask of the head produced in step 7. The OPD values for this overlapping region are then extracted and a threshold of the mean OPD value for this region is applied in order to produce a smaller, more localized mask. The centroid of this final binary mask is the midpiece connection point [ Fig. 3(f) ].
9. Head orientation determined: Head orientation was determined based on the straight line connecting the midpiece connection point to the furthest point on the opposing side of the head from the midpiece point. This line was also taken to be the longitudinal axis of symmetry of the head [ Fig. 3(f) ].
Head orientation corrected:
The image was rotated such that the longitudinal axis of symmetry was perfectly horizontal, with the midpiece being on the left side of the image and the acrosome on the right [ Fig. 3(g) ].
11. Midpiece remnants removed: In order to ensure the removal of any remnants of the midpiece, two steps were taken [ Fig. 3(i) ]:
a. The column-wise mean OPD was calculated and its global maximum was located.
Following this, the first local minimum to the left of the identified maximum was located. All columns of the image to left of this minimum were removed.
b. The left half of the image was morphologically opened using disk filters of increasing radii. This process terminated when a pixel possessing OPD of 85 nm or higher was removed.
12. Features extracted: 89 custom-designed features were extracted. These features included the acrosome area, one of the WHO criteria for sperm morphology assessment, as well as the ratio of head length to width, the correlation of the OPD map of the head to a model of the ideal head, mean OPD, and other various features intended to quantify head shape, vacuole presence, and the presence of excess cytoplasm. In our previous work [9] , we measured the OPD values of the acrosome by directly comparing OPD maps to bright-field microscopy images of the same sperm cells after they were stained with a dye that highlights the nucleus and creates a contrast for the acrosome. Based on these measurements we concluded that the average maximum OPD value of the acrosome was 105 ± 2 nm, and thus have taken the OPD value of 105 nm to be the threshold for distinguishing between acrosome and nucleus in this work. In order to obtain the model of the ideal head, 79 phase maps of well-shaped sperm heads, as determined by embryologist, were isolated and resized to images of the same length and width. The image matrices were then averaged pixel by pixel to form the ideal head model, as shown in Figure 3 (h). The extraction processes for six of the custom-designed features are illustrated in Figure 3 (i) -(l).
Additional phase-map-based features of the isolated sperm heads were explored using the opensource software CellProfiler [20] , producing an additional 797 features chiefly describing head texture and granularity, as well as intensity distribution using Zernike moments. We next explored the relative importance of our feature set for this task. In order to determine the necessity of utilizing all 58 features in our classification, ROC and PRC were obtained using feature subsets comprised of the top 1, 5, 10, and 25 features. To determine the most useful features, features were ranked by information gain using the WEKA information gain evaluator, which ranks information gain by analyzing the amount by which each feature decreases the overall entropy of the classification problem [21] . Interestingly, the top 3 features were found to be head eccentricity, aspect ratio, and ratio of width to length, all features that describe the 2D shape of the head. We attribute this to the fact that the current gold standard method for sperm analysis is based on a clinician's subjective decisions, which to date used only 2D imaging. Significantly, the next three most affecting features included texture and 3D shape measurements, which were directly related to the OPD profile. This implies that sperm cell analysis can be improved with the addition of OPD based features. As can be seen in Figure 5 , the performance of the SVM classification improves with additional features, attaining best performance when utilizing all 58 features. In addition, it is interesting to note that while the subset ROCs quickly approach the ROC of classification using all 58 features, with the ROC of the top 5 features already being a close match, the same is not true for the PRC. As can be understood from Figure 5 and 6, each increase in the number of features used results in a significant improvement in the PRC, making the use of all 58 features crucial to performance in our case, where precision is more important than specificity.
To further illustrate the need for a large number of features, principal component analysis (PCA) was performed on the dataset, and an attempt was made to distinguish between the sets of good and bad sperm based on the first 3 principal components (PCs). As can be seen in Figure 7 , while some degree of separation can be seen in the distribution of the good and bad sperm when plotted based on the first 3 PCs, there exists significant overlap between the 2 sets of data points, such that it is impossible to draw a 3D plane capable of separating between them. For this reason, it is necessary in this case to utilize a relatively large number of features.
Conclusion
In conclusion, the results presented in this paper demonstrate that automated sperm cell selection for IVF based on quantitative phase map images is possible at high precision. The relatively low sensitivity is unlikely to prove a significant hurdle as millions of sperm are present in a single ejaculation. This is especially true for intracytoplasmic sperm injection [24] (ICSI), in which only a single good sperm is selected for direct injection into the ovum. We believe that further enhancement of the precision and sensitivity of the proposed automated assessment can be achieved through identification of the optimal machine learning algorithm for this problem, as well as expansion of the dataset and definition of additional relevant features. Nevertheless, the implementation of the algorithm and imaging technique proposed in this article represents a significant step towards fully automating quantitative sperm selection for IVF and ICSI and improving healthy pregnancy rates. 
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